In this paper we introduce the concept of holistic user profile, intended as a unique representation of a user that merges the heterogeneous footprints she spread on social networks and through personal devices, and we present a framework that supports the creation of such user models.
MOTIVATIONS AND CONTRIBUTIONS
According to a recent claim by IBM, 90% of the data available today have been created in the last two years 1 . This exponential growth of online information gave new life to research in the area of user modeling and personalization [5] , since many valuable information about the users as their preferences, sentiment, opinions, as well as signals describing physical and psychological states (activities, weight, behaviors, etc.) can now be obtained by mining data gathered from several sources.
Such sources can be roughly classified in two categories: at first, we have data coming from social networks. Indeed, platforms as Twitter and Facebook act as enormous data silos holding many information about our feelings, preferences, social connections and so on. Moreover, we also have data coming from personal devices whose growth is mainly due to the recent trend of Quantified Self [21] , which emphasizes the use of technology to collect personal data, such as physical and psychological data (e.g. glucose level or mood) or indicators of personal performance (e.g. distance covered by foot daily).
Several research questions arise from this scenario: can heterogeneous digital footprints be effectively merged in a unique representation of the person? Are there new form of personalization that can be triggered thanks to the huge availability of such personal data?
To this end, in this work we introduce the concept of Holistic User Model, intended as a unique digital representation of the person [22] merging all the heterogeneous footprints spread by the users in their on-line (purchases, generated content, social connections, etc.), and real-world (GPS data, daily activities, food) behavior.
Specifically, in this work we propose a framework supporting the creation of such user models. Our framework collects the evidence about a user coming from social networks and personal devices, reasons over these data and finally creates a representation of the person that we called holistic user profile.
The idea of collecting data coming from heterogeneous sources in a unique representation of the user was already proposed by 1 https://www.ibm.com/analytics/us/en/big-data/ Kobsa [11] in the early 2000s. Later on, the insight of merging different user profiles built by different applications in a mediated representation has been investigated by both Berkovsky et al. [3] and by Carmagnola et al. [6] . However, differently from these work, we do not aim at creating a mediated representation of the user that relies on the user models already built by different adaptive applications. As proposed by Abel et al. [1] , we want to collect rough data coming from different sources and merge them in a unique representation. The distinguishing aspect of this work is the merging of heterogeneous digital footprints: differently from [1] , that only relies on textual data collected from social networks, we want to exploit the current trend of Quantified Self to propose a framework that also collects and processes data coming from personal devices. To the best of our knowledge, the idea of merging textual and physiological data in a unique representation is a poorly investigated research line. Finally, similar attempts aiming at the creation of a unique representation of the users have already been investigated in the area of lifelogging [9] , whose effectiveness has been studied in several scenarios [13] .
Another distinctive aspect of our framework is the transparency and the full control over the profiling process. Indeed, as stated by the recent General Data Protection regulation 2 , all the Web platforms should be quickly adapted or updated in order to make clear to the users which data are currently managed by the algorithms and how they are used. In our framework, we follow the ideas already proposed by Kay et al. [10] and Kyriacou [14] , and we let the users explicitly decide which data should be visible to which external applications, thus giving them a total control and transparency of the information about them which is unveiled by the platform.
In the following, we will first introduce the concept of holistic user models. Then, we present the framework by providing a brief overview of its architecture and of the data sources we used to feed the model. Next, we will show how all the facets of our conceptual model are filled in by exploiting the digital footprints of the user.
HOLISTIC USER MODELS
According to our vision, a holistic user model is an advanced and unique representation of a user that merges all the digital footprints the person spread on social networks and through her personal devices. Our conceptual model is inspired by the one by Cena et al. in [7] . Specifically, our model consists of eight different facets: demographic features, knowledge and goals, interests, affects, cognitive aspects, behaviors, connections, physical states. In the following, a brief description of each facet follows:
Demographic: this facet includes all the personal demographic information about a user, as name, surname, location, weight, height and so on;
Knowledge and Goals: this facet encodes information about what a user knows (e.g., her skills) and her goal (e.g., being on diet);
Interests: this facet stores all the information about what a user likes and what she is interested in;
Affects: this facet stores all the information about users' mood, emotions and inclination to empathy; Behaviors: this facet manages the information about the habits (e.g., work position, frequently visited places) of the user and her activities (e.g. running, walking, etc.)
Connection: this facet encodes all the social connection and the relationships of the user;
Physical States: this facet stores all the physiological data point about the person (e.g. heart rate, sleep quality, etc.) Such a conceptual model encodes and manages several aspects of the person, thus providing a very comprehensive and huge representation of the user that can be useful for personalization and adaptation tasks in several scenarios. As an example, we could receive a restaurant recommendation based on our food preferences, our daily activities (did we go to the gym, today?), our goals (are we on a diet?), our current mood and also the persons we are with.
In the following, we will present a framework that supports the concrete creation of such user models.
DESCRIPTION OF THE FRAMEWORK
As shown in Figure 1 , our framework is organized by following the typical layered architecture consisting of a data acquisition layer, a data processing and enrichment layer, a holistic profile builder and a final layer for data visualization and data exposure.
Data Acquisition
The goal of this layer is to create a bridge between the framework and the data sources that feed the holistic representation of the user. In this prototype we selected as data sources three famous social networks, as Twitter, Facebook and Linkedin, the most popular brand of wearable devices 3 as Fitbit, and a widespread class of mobile devices, as Android smartphones.
However, it is important to state that the architecture of the framework is very modular and can be easily extended in order to add in the future more data sources, such as as Xiaomi Mi Band devices, iPhone and new social networks, as Instagram, YouTube and so on. In the following, we provide a description of the rough information we extracted from each source.
Twitter. We extracted from Twitter APIs 4 information about the posts and the connections of the user, along with its demographic features. As demographic features, we extracted the name of the person, her location and picture. As regards the posts, we got the content of the post, its popularity in the social network (retweets and favorites count) and the information about the latitude and longitude of the tweet (if any). Finally, we gathered information about the names of the accounts following the user and of the people the user follows.
Facebook. We extracted from Facebook basic demographic information (name, age, gender, picture, city) of the user, the content of her posts, the names of friends and the names and the categories of the pages she likes. Moreover, we also extract information about the events the user attended.
LinkedIn. LinkedIn APIs recently changed the rules for acquiring information from the platform, and significantly restricted the access to the available data. So, we just got basic demographic information (as those available on Twitter and Facebook) and data about the current working position of the user.
Android. Android phones represent a very rich and valuable source of information, since many heterogeneous data can be extracted from these devices, provided that the user explicitly authorized the access to the phone. Four different groups of data are extracted from this source: GPS data, modeling the GPS position of the user in terms of latitude, longitude and accuracy; Contacts, containing the names of the people in the contact list and the number of interactions (calls, messages) with the current user; App Usage, encoding the information about the apps the user more frequently uses (along with their categories), and Phone Statistics, concerning all the data about the general usage of the phone, as the amount of traffic generated.
FitBit. The information coming from FitBit 5 regards habits and activities of the user. We extracted information about sleep habits (amount of time, trend and quality of sleep), food habits (calories and type of food), heart rate and the activities of the user, as the number of daily steps or her running exercises. Moreover, the platform also holds demographic information which are not covered by the other sources, as the weight or height of the user.
Data Processing and Data Enrichment
In the second layer all the rough data previously extracted are processed to obtain a richer representation of all the facets regarding the users. Due to space reasons, we cannot go into details of all the algorithms we apply to process and enrich the data.
However, we can state that for textual data, as the posts or the tweets written by the user, we implemented a pipeline of basic Natural Language Processing [15] steps, such as tokenization, stopwords removal, lemmatization and entity linking. All the textual content we extracted are processed through this pipeline. Moreover, we also enriched textual content by calculating its sentiment through both an unsupervised [16] and a supervised algorithm [19] , and by detecting the topic it focuses.
This pipeline allows to extract some valuable information about the user: as an example, the entities and the keywords extracted from the text can be exploited to infer her interests, by assuming that a user that often mentions a specific concept (with a positive sentiment) in her posts has some interest in it. Moreover, as shown in literature, also user's demographic features [12] or her internal states as mood and personality [8] can be inferred on the ground of the content she posted.
On the other side, we processed Personal data through machine learning methods, since classification algorithms can be exploited to infer interesting features (e.g. sedentary or active user) by processing the rough features gathered in the Data Acqisition layer.
As an example, GPS data are processed to get information about the location or the habits of the user, as the places she frequently visits. Similarly, other relevant characteristics can be obtained by combining data acquired through personal devices with data acquired from social networks. As an example, interests and preferences can be inferred by merging the information about the topic the user is interested in with the apps she used. The amount of new information that can be obtained by just processing and filtering the huge set of data that can be gathered through the Data Acqisition layer is potentially infinite.
Holistic Profile Builder
The goal of this module is to get the data that have been previously extracted, processed and enriched and to fill in all the facets of our holistic user model we have presented in Section 2. Before going into details, it is important to clarify that each facet can be explicitly filled in, by exploiting data already available (e.g. the name or the location of the user) or implicitly filled in, by exploiting the results calculated by some algorithms (e.g., the interests or the personality inferred from the text, or the location, inferred from GPS data).
Demographics: this facet can be easily filled, since most of the attributes are explicitly available. However, a potential problem could arise when some incoherence between data (e.g, different names or different locations) is found. In this case, we defined some priority rule among the sources (e.g., the name gathered from Facebook is more valuable than that extracted from Twitter) It this worth to note that some demographic attributes can be also implicitly inferred: as an example, the language of the user can be obtained by applying language detection techniques on the content she wrote [17] .
Knowledge and Goals: this facet is explicitly filled by exploiting the goals stored on FitBit (e.g., diet). By analyzing user working position also her knowledge level towards some concept can be implicitly inferred.
Interests: this facet is both implicitly and explicitly filled. The 'likes' given by the user are an explicit signal of interest, thus the category of the page liked by the user is exploited to fill in this facet (e.g., user interested in sports). Moreover, entities or keywords extracted from tweets and posts are exploited as well, in order to implicitly infer information about user interests. Interests are also implicitly inferred by applying algorithms for detecting regular activities among the data (e.g., POIs close to frequent GPS coordinates or a person running every day).
Affects: affects as mood and emotions are inferred from textual content [4] . In this case we exploited some off-the-shelf tool to implicitly fill in this facet. Specifically, we use the content posted by the user as input and we extracted the values of the affects returned by the algorithm.
Cognitive Aspects: as previously stated, cognitive aspects as empathy [20] and personality traits [8] can be inferred from textual content, as well. Also in this case we used already existing implementations to process textual content and to infer personality traits of the user to fill in our holistic user profile.
Behaviors: FitBit data is an explicit source of this facet. All the activities gathered from FitBit and user food habits are exploited to fill in this facets. Moreover, activities are implicitly inferred from several different sources. As an example, Android phone returns information based on GPS data that describe whether the user is running or walking.
Connections: social connections are explicitly filled by gathering all the heterogeneous data coming from both Android phone and social networks. In this case, some sophisticated techniques for identity detection aiming at aligning (e.g.) a Facebook profile with a personal contact gathered from the phone, can be useful to make this facet even more valuable.
Physical States: this facet is explicitly filled in through FitBit data, as the information about sleep and heart rate.
In our vision, the merge of all these data represents our holistic user profile. As previously explained, for each data we extract it is possible to define its visibility (hidden, private, public). In our design, the task of defining the visibility of the data is totally at the expense of the user, who has the complete control over the information which is extracted. As an example, he could prevent the extraction of GPS data from her phone or could also decide to share her position in real-time with all the other users. Moreover, he could also decide to extract, but to maintain as private, some very personal data as her current mood or her personality traits.
Data Visualization and Data Exposure
All the information encoded in the holistic user profiles are made available to both end users and external developers. In the first case, holistic user profiles are shown to the users through a visual interface, in order to improve their self-awareness and consciousness. A screenshot of the user interface of the platform, deployed by using Angular 5 library 6 , is provided in Figure 2 . Moreover, a screen recording showing the main features of the platform is also available online 7 . Finally, the output of the data processing layer is also made available to third-party external services, which can access through a simple REST interface to the information held by the platform. As data representation format, JSON-LD 8 , a JSON-based serialization for Linked Data, was used. It this worth to emphasize that third-party services can only access to the facets the user has explicitly labeled as public. External application can not access neither the low-level rough data extracted from the data sources nor the facets of the profile (e.g. her mood) she does not want to unveil.
CONCLUSIONS AND FUTURE WORK
In this paper we have presented the architecture of our platform for holistic user modeling, whose goal is to build a unique digital identity of the user by merging data coming from social networks with behavioral and physiological data extracted from personal devices and smartphones. We deployed such a conceptual model in a fully working framework that already showed the effectiveness of the platform as a self-reporting and self-awareness tool.
As future work, we will carry out a user study aiming at evaluate the effectiveness of the framework and we will improve the implementation of the framework. As an example, we will introduce some methodologies to deal with multilingual data [18] or to disambiguate the content extracted from social networks [2] , and we will thoroughly investigate the recent GDPR in order to build GDPR-aware user models. 6 https://angular.io/ 7 https://youtu.be/3YRlcUhNZnQ 8 https://json-ld.org/spec/latest/json-ld/
